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Utilizing “Omics” Tools to Study

the Complex Gut Ecosystem

Anthony Fodor

Abstract In a healthy gut, the immune system tolerates a diverse microbial

commensal community avoiding inappropriate inflammation responses and mini-

mizing the presence of pathogens. When the balance between host and microbes is

disrupted, risk for disease increases. There is mounting evidence that microbial

dysbiosis is a substantial risk factor for common gut diseases including IBS, IBD

and colorectal cancer. Understanding this dysbiosis is challenging because of the

extraordinary complexity of the gut ecosystem and the tremendous variability

between healthy individuals in the taxa that make up the human microbiome.

Advances in technology, especially sequencing technology, are beginning to

allow for a full description of this complexity. In this review, we consider how

new “omics” technology can be applied to the study of the gut ecosystem in human

and animal models with special consideration given to factors that should be

considered in the design of experiments and clinical trials.
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OUT Operational Taxonomic Units

PCR Polymerase chain reaction

RNA Ribonucleic acid

rRNA Ribosomal ribonucleic acid

Introduction

In the healthy gut, host immune processes tolerate a diverse commensal population

avoiding excessive inflammation responses and minimizing the presence of path-

ogens. However, there is compelling evidence that microbial dysbiosis—an imbal-

ance in the microbial community—plays a formative role in many diseases of the

gut including IBD [1], IBS [2, 3] and colorectal cancer [4, 5]. All gut microbes are

acquired from the external environment and for the first 3 years of life the diversity

and complexity of the gut microbial community steadily increases [6]. By the 3rd

year of life, the microbial community is more stable but numerous studies have

repeatedly shown that there is a high degree of individual variation in the microbial

community between different people [7–13]. The factors that determine why

different people end up with such different microbial communities are poorly

understood, although twin studies suggest that host genetics does not exert sub-

stantial control over the composition of the microbial community [14].

If we are to understand how host and microbes together produce the full

spectrum of health and disease phenotypes, we will need to determine which alleles

are represented and expressed in the host, which microbes are present and where in

the gut microenvironment the microbes are found and, for both host and microbes,

how genes are expressed to produce metabolites within activated pathways. To

understand the state of the human and microbial ecosystem in the gut, therefore,

requires an accounting of an ecosystem of phenomenal complexity. There are on

the order of three billion base pairs in the human genome [15], but there are ~10

times more bacterial cells within the human body than bacterial cells [16] and

encoded within the genomes of those microbial cells is likely more than 100 times

more distinct genes than are encoded within the human genome [17]. And, of

course, only knowing the genome sequence of either host or microbes by itself

does not tell us which genes are expressed or where or when or how epigenetic

changes to genomes influence pathway structure and function. Within the last

decade, there has been explosive growth in “omics” technologies that are allowing

us to begin to approach an initial accounting of this tremendous complexity.

Development of these technologies have primarily, but not exclusively, been driven

by the stunning drop in the cost of DNA sequencing. Only 10 years ago, the cost of

sequencing a megabase of DNA was well over $1,000. Today, it is less than $0.10

and there is every reason to think that this greater than exponential drop in cost of

sequencing will continue into the future (http://www.genome.gov/sequencingcosts/).

Newly armed with ever more affordable sequencing technology, biologists have

begun to characterize in detail the complex microbial gut environment. In this
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review, we will discuss the technologies that are making this exploration possible

together with the experimental and bioinformatics challenges inherent to performing

studies that try to link the state of the microbial community to host disease

phenotypes.

16S Sequencing Is an Economical Way to Ask “Who

Is There” for Both Common and Rare Taxa

For nearly 30 years [18], microbial ecologists have been using sequencing of the

16S rRNA gene to ask which microbes are present in complex microbial environ-

ments. The 16S rRNA gene is among the most conserved genes in bacterial

genomes. It is especially useful for phylogenetic characterization because it con-

sists of a number of “variable regions”, which tend to be different in different

bacteria, separated by “conserved regions”, which tend to be the same across a wide

phylogenetic space. The conserved regions can be used to place PCR primers that

sequence across the variable regions, yielding a surprisingly informative degree of

phylogenetic information from minimal sequencing effort. Before the advent of

next-generation sequencing, capillary-based Sanger sequencing was often

performed on clone-libraries created from the 16S gene. With a read length on

the order of 1,000 basepairs, a paired-end Sanger sequencing strategy could

sequence the entire 16S rRNA gene. This approach has been widely utilized and

successfully generated descriptions of microbial communities both associated with

the human microbiome [19, 20] and external environmental microbial communities

such as soil and ocean.

Despite these successes, the cloning approach suffers from several limitations.

Because sequences generated from clone libraries are relatively difficult and

expensive to generate, studies that characterized microbial communities via

sequencing of clone libraries generally could only achieve on the order of

100 16S sequences per sample, and only then with a great deal of expense and

effort. Next generation sequencing eliminated the need for the laborious cloning

step even as it offered nucleotide base costs that were orders of magnitude cheaper

than Sanger sequencing. Next generation sequencing platforms exploit massively

parallel chemistry in which numerous sequencing reactions are run at the same time

and the results captured with a computer camera. Because many sequencing

reactions are run in parallel, next generation sequencing platforms such as Illumina

and 454 generate sequences much more quickly than older dye-termination based

technologies. In 2005, the year in which the 454 sequencing platform was described

in a Nature paper [21], there were ~136,000 16S sequences cataloged in the

Ribosomal Database Project (http://rdp.cme.msu.edu/download/posters/

ASM2005.pdf). Today, using the Illumina HiSeq platform, we can routinely gen-

erate 100 million 16S sequences for a cost of only a few thousand dollars [4, 22, 23].

This ability to generate with next generation sequencing in a single experiment

more sequences than had been accumulated world-wide in decades of dye
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termination sequencing provides an enormous opportunity to interrogate complex

ecosystems, such as the human gut, while maintaining a sensitivity to detect even

rare taxa. But it brings with it significant bioinformatics challenges. Some of these

challenges involve finding the hard-disk space and network capacity to handle these

large volumes of sequence data. Without proper planning for these mundane

considerations, it is not uncommon for the initial analysis of metagenomics projects

to be severely impacted. There has been considerable recent interest in developing

cloud computing capacity to handle these challenges [24] and investigators consid-

ering generation of large sequence datasets may wish to explore storing and

analyzing their data in the cloud [25].

Bioinformatics challenges can also arise from the short read length inherent to

the currently popular next-generation platforms. The early 454 platforms had a read

length of only ~100 basepairs [26] and the initial 454 pyrosequencing character-

izations of ocean microbial communities therefore utilized this read-length [27,

28]. Recent Illumina platforms, while many orders of magnitude cheaper than

454 sequencing, also have a read length of only 100 basepairs, but 16S sequences

of this length can clearly distinguish the microbial community in inflamed and

non-inflamed mammalian guts [4] showing the utility of even such short reads.

Bioinformatics simulation studies have shown that the information that is available

in short reads can be reasonably close to the information available in full length

sequences [29], with the V1–V3 and V3–V5 regions of the 16S rRNA considered to

be especially appropriate targets given read-lengths of a few hundred base pairs [30,

31] such as are now achievable on 454 and Illumina platforms [26].

The ability to use 16S rRNA sequencing to characterize in-depth the microbial

community from cohorts of interest allows for the intersection of phylogeny and

traditional hypothesis testing in ways that can yield interesting insights into how the

microbial community might impact disease. As an example, a recent study used

454 sequencing of 16S rRNA amplicons to compare the microbial community in

punch biopsies taken from 33 subjects with colorectal adenomas and 38 control

subjects [12]. In total, slightly more than half a million 16S rRNA sequences with

an average length of just over 300 basepairs were generated from these 71 subjects.

In order to place the information in these sequences into a phylogenetic context, we

can build a tree that shows the relationship of the sequences to one another

(Fig. 2.1). Each node of the tree represents a cluster of sequences that have on

average 97 % identity to one another. Nodes of the tree that are close to one another

have sequences that are more similar while nodes that are further from each other.

As we would expect, most of the bacteria that we see in the human gut can be

assigned to the phyla Bacteroidetes or Firmicutes, although other phyla, notably

Proteobacteria which harbors many known pathogens, are also present. For each

taxa in the tree, we can form a null hypothesis that the relative abundance of that

taxa is not different in the case and control subjects. P-values can be generated for

each null hypothesis using a non-parametric Wilcoxon test. In setting thresholds for

significance, we must be careful to correct for testing multiple hypotheses. Rather

than using a simple-threshold of p< 0.05, we instead set a threshold based on a

10 % false discovery rate (FDR), where we expect 10 % of the taxa that we call
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significantly different to be false positives. Each taxa that was found to be signif-

icantly different between case (adenomas) and control at this threshold is colored

red in Fig. 2.1. We see that many of the taxa that are different between case and

control are in the phyla Proteobacteria. By creating a visualization that merges

phylogeny with canonical hypothesis testing, we are therefore able to begin to

implicate specific groups of taxa in disease (see [12] for more information).

Given that early 16S sequencing experiments based on clone libraries could be

performed generating less than a hundred reads per sample, it may seem foolish to

plan 16S experiments with read depths of over a million sequences per sample. But

a simple thought experiment shows that such sequence depths are not inappropriate.

Consider E. coli, which is a possible driver of colorectal cancer in mouse and

human studies [4] but in fecal samples can represent less than 1 % of all sequences

collected. On average 100 sequences must be obtained to observe 1 sequence that

represents such a rare taxon. If one wishes to study a population with a 1,000-fold

range in such a taxon, one must utilize an additional 1,000-fold sequencing depth in

order to maintain the full dynamic, quantitative range of sensitivity across people

with different relative abundances of the taxon. Finally, in utilizing 454 and

Illumina sequences, a barcode method is used in which many samples are put

together on the same sequencing run [32, 33]. This procedure can easily introduce

a tenfold variation in how many sequences are collected per sample. Putting this

together—two orders of magnitude to detect a taxa at average 1 % abundance times

three orders of magnitude variation in that taxa between people of different

phenotypes times one order of magnitude technical variation in the number of

sequences collected per sample—we see that it is not unreasonable to produce

and analyze one million 16S sequences per sample.

Fig. 2.1 Phylogenetic tree

generated from Operational

Taxonomic Units (OTUs)

representing clusters of

sequences with an average

97 % identity from a study

of colorectal adenomas in

humans [12]. Branches that

are colored red represent

taxa that are significantly

different between cases and

controls at a 10 % False

Discovery Rate (see [12] for

methodological details)
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As technology continues to develop, both read length and read depth will

improve allowing for more information to be generated from each sample but

also increasing the challenges associated with managing and interpreting so much

data. Besides taxonomical considerations, there are many other challenges to the

analysis of 16S sequence data including quality assurance steps [34], choosing

appropriate clustering algorithms [35] and chimera detection [36]. The setting up of

analysis pipelines for 16S sequences has been reviewed elsewhere [37].

Individual Variation Is a Primary Challenge for Studies

in the Gut Micobiome

While there are millions of SNP variations between any two non-twin individuals,

human genomes have many essential common features that all healthy individuals

must share. Every person has to have a working copy of an actin gene, for example,

or survival will be impossible. By contrast, the structure of the microbiome does not

appear to be essential in the same way. As we will discuss below, mice can be raised

in a sterile environment with no gut microbes whatsoever, and while these mice

have a great range of phenotypic differences from control mice, they are able to

survive [38]. The mammalian gut, therefore, appears to have a certain amount of

flexibility with regards to the microbiome. This may explain why, at least at the taxa

level as measured by 16S rRNA, a high degree of variability is tolerated in the

human microbiome. Perhaps the most dramatic example of microbiome variation

was demonstrated by the Human Microbiome Project, which recruited 242 healthy

patients and characterized the microbiome by 16S sequencing at 18 distinct body

sites [8]. At all the measured body sites, there were tremendous individual differ-

ences in this healthy cohort [7, 10]. Moreover, within this cohort, associations

between individual taxa and host phenotypes were generally modest. While there

were taxa with reasonably strong associations with ethnicity and, as previously

observed [39] vaginal pH, associations with phenotypes such as BMI, gender,

temperature and blood pressure were moderate at best [10]. It is currently not

well understood to what extent the differences in the microbiome associated with

ethnicity are driven by genetic or cultural differences, but the possibility of micro-

bial variability produced by ethnicity should be explicitly considered in recruiting

cohorts for and powering clinical studies. In general, the modest correlations

between healthy human phenotypic variation and microbiome variation suggest

that many non-pathological phenotypes are not directly controlled by which taxa

are present in the microbiome.

The complexity, individual variation and weak association with phenotypes of

the healthy human microbiome represent a substantial challenge for studies that

hope to link the state of the microbiome to human phenotypes. If we each have our

own unique relationship to the microbiome that defines our own individualized

healthy or dysbiotic state, then cross-sectional studies that look across people will
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have substantial difficulty in coming to any consistent conclusion. One intriguing

idea that has been proposed as a framework to deal with this complexity is

enterotypes [40, 41]; it has been argued that much of the complexity of the gut

microbiome could be summarized by two or three types of categories dominated by

distinct taxa. This hypothesis is enormously appealing as clinical studies could

dramatically reduce complexity (and hence improve power) by assigning each

participant to one of these pre-defined types before attempting to associate the

state of the microbial community to disease phenotypes. Unfortunately, subsequent

studies have demonstrated that the presence of enterotypes appears to rely on

particular methods of analyzing 16S rRNA data and does not therefore appear to

be robust and reproducible in new cohorts [10, 13, 42, 43]. The idea of distinct

microbial types likely makes sense for the low-diversity vaginal microbiome [10,

39], but for the more complex gut microenvironment, there appears to be more

evidence for a continuum of microbes rather that distinct types.

The variety of gut microbes that will be encountered, and the possibility of only

weak associations of taxa with phenotype, must be explicitly considered when

powering clinical studies of the human gut microbiome. One approach that may

help ease power concerns is to design studies around longitudinal sampling. In a

longitudinal sample, each patient in some sense can serve as their own control,

which has the potential to reduce variance and hence increase power. Ideally, a

longitudinal sampling scheme would recruit a cohort before disease developed and

then follow the cohort as some individuals developed disease and others remained

healthy. The analysis can then ask both whether the initial state of the microbial

community predicted disease and whether changes to the microbial community

differ between those who remain healthy and those who develop disease. While this

approach is often optimal from the perspective of experimental design, it can be

difficult to achieve in practice, especially if the time required to follow a cohort is

longer that the length of grant support from funding agencies interested in gut

disease.

The Fecal and Mucosal Microbiomes Are Distinct

One great challenge of surveying the gut microbiome, as opposed to more external

microbiota such as skin, is that often the microbes that we are most interested in are

not the easiest to sample. Fecal samples, obviously, are relatively easy to obtain, but

their handling and storage can provide challenging from an operations point of

view. Fortunately, it has been demonstrated that issues with how fecal samples are

handled, for example how quickly they are frozen, does not appear to have a large

effect on the measured 16S community [44]. As an alternative to fecal samples,

there has been some interest in utilizing fecal swabs [45], which are easier to collect

and store and in the future may be a standard implementation for large clinical

studies. No matter how they are collected, however, fecal samples may be inap-

propriate for studies that evaluate hypotheses regarding the mucosal microbiota.
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For example, a recent paper has suggested that microbial DNAmay be more present

in cancer samples than in non-cancer [46]. Presumably, the microbial invasion that

would explain this observation is more likely to occur in the tight contact of host

and microbial cells in mucosal material than in the luminal gut. In both human and

mouse microbiomes, mucosal and fecal microbiomes generally cluster separately

[20] suggesting that there are very distinct luminal and mucosal microbial commu-

nities. Obviously, with humans, directly sampling the mucosal microbiota requires

an invasive sampling scheme and produces additional IRB requirements, although

this collection of internal gut samples can be incorporated into normal colonosco-

pies. In designing studies, thought should be given to the specific questions being

asked and sampling schemes designed accordingly in order to maximize observa-

tion of the microbial community most likely to be involved in the phenotype under

study.

Mouse Models Have Great Utility but Results Must

Be Interpreted with Great Caution

While human association studies are crucial, ultimate evaluation of mechanistic

hypotheses about how host-microbe interactions impact disease must be tested in

animal models. Because mice can be raised sterile, and then inoculated with a

pre-defined microbiome consisting of either cultured [4] or mixed microbial sam-

ples [47, 48], gnotobiotic mice allow for testing of hypotheses about how microbes

directly cause phenotypes such as cancer [4] or obesity [48]. Despite their power, a

number of caveats must be observed when designing and performing mouse

microbiome experiments. In particular, once the gavage has been performed, a

number of factors not related to the contents of the initial gavage can substantially

alter the microbial community. These factors include the cage the mice are housed

in [49], the facilities the animals are housed in [50], the amount of time that has

elapsed since exposure to microbes [51] and (in animals not raised sterile) the line

of maternal transmission [52]. If these factors are not accounted for, they may

induce variations in the microbial community that may confound interpretation of

experimental design. In a recent study comparing animals gavaged to animals

allowed to acquire their microbial community from the environment of the animal

facility, it was found that while the initial gavage had an effect on the microbial

community, most of the composition of the microbial community was driven by the

amount of time that had elapsed since animals were removed from germ-free

conditions and the cage in which the animals were kept [53]. Clearly, experimental

designs that do not explicitly consider these factors are likely to lead to flawed

conclusions and in powering mouse studies, the number of cages, in addition to the

number of animals, must be explicitly considered.
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Whole-Genome Metagenome Sequencing and RNA-Seq Can

Be Used to Interrogate Genome Function

As outlined above, small regions of the 16S rRNA sequence can be surprisingly

informative, but there are limits to how much information can be generated by

measuring a single gene. The drop in the cost of sequencing has made much more

feasible experiments which measure all the genes present in microbial genomes

(whole genome metagenome-shotgun sequencing) and experiments which measure

microbial transcripts from mixed microbial communities (metagenomic RNA-seq

experiments). As is the case for 16S sequencing, initial sequencing effort using

Sanger sequencing for whole-genome metagenome experiments required substan-

tial investments of time and expense. An early whole-genome metagenome shotgun

sequencing experiment [54] using clone libraries and Sanger sequencing produced

~78 million bases of unique sequence from fecal samples of two human subjects,

producing our first look at the genome content of the gut microbiome. Today,

through the use of Illumina HiSeq, it is not uncommon to produce ~2 gigabases of

sequences per sample, with per sample costs in the hundreds of dollars. As is the

case for 16S sequences, therefore, we can now produce in a single experiment more

sequences than were produced by multiple labs over years of experiments using

Sanger sequencing.

To be of any utility, whole-genome metagenome sequencing generally requires

many more sequences per sample than 16S sequencing. This translates both into

more expense and a more difficult analysis path. Not only does hard-disk and

network capacity need to be found for the large numbers of sequences that will

be generated by these methods, but the mapping of individual reads to reference

gene databases can require substantial computational times. Investigators wishing

to perform whole-genome or RNA-seq on microbial communities must therefore

ensure they have adequate computational resources or risk project paralysis in

attempting to sift the data once the sequences have been obtained.

Despite the increased overhead and expense of whole-genome sequencing

approaches, these experiments can yield great insights into the gut microbial

community. An intriguing result from the Human Microbiome Project found that

while across body sites and individuals there was great variability in taxonomy

(as defined by 16S sequences), if one looks at the fraction of reads assigned to gene

functions, they was much more consistency [7]. This result suggests the intriguing

hypothesis that while taxa vary substantially in the human microbiome, the gene

functions encoded in those taxa are much more constant. Of course, this interpre-

tation of these results is very dependent on the accuracy of functions that are in gene

function databases and there has been some question as to how biased these

databases may be [55]. Moreover, it is perhaps not surprising that across samples

and subjects, the fraction of genes assigned to broad categories such as “ATP

synthesis” and “central carbohydrate metabolism” is reasonably constant. It

remains an open question how much this high-level consistency is reflected in

consistency in specific metabolic pathways. It will be fascinating to watch
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resolution of the question as to the best way to biologically interpret gene function

annotations as the technologies and approaches that power the study of the human

microbiome continue to mature.

If instead of whole-genome sequencing of DNA, RNA is isolated, largely the

same informatics pipelines can be used to assign gene functions at the transcript

level. Because RNA is much less stable than DNA, these experiments are often

more difficult to perform than whole-genome shotgun sequencing, but since mes-

sage is being measured, rather than just genomic potential for message, the biolog-

ical insights generated from these experiments can be considerable. In addition to

the usual difficulties associated with any RNA preparation, RNA-seq on microbial

and metagenomic populations has its own set of challenges. These arise from the

fact that unlike eukaryotic mRNA, prokaryotic mRNA does not have a poly-A tail.

Message and ribosomal RNA therefore cannot be easily separated by the use of

poly-T primers during transcription of cDNA. Strategies that utilize beads that

preferentially bind to, or enzymes that preferentially cleave, rRNA have been

developed to separate mRNA from rRNA, although these strategies have been

found to vary substantially in effectiveness [56]. One strategy that becomes more

attractive as sequencing costs drop is to not attempt to separate rRNA frommessage

RNA and simply rely on sequencing depth to characterize the mRNA that may be

present in a sample. This strategy has the appeal of simplicity and will also generate

a complete rRNA profile, that can itself be useful in taxonomic assignment. Its

successful application, however, depends on sequencing being inexpensive enough

that sufficient sampling depth can be generated to characterize the small fraction of

reads that are message.

For both whole-genome metagenome sequencing and RNA-seq from mixed

microbial communities within the human microbiome, there is also the problem

of host contamination. The bulk of nucleotides in fecal samples is microbial, but in

other tissues the fraction of microbial vs. host DNA and RNA can vary substan-

tially. Again, as sequencing becomes ever cheaper, the strategy of simply applying

more sequences and computationally removing human contaminant becomes more

attractive, assuming that sufficient computational resources are available to achieve

an initial parse of sequence data.

Future Studies Will Integrate Multiple “Omics” Techniques

to Generate a Complete Picture of Host and Microbial

Pathways

In parallel to the decrease in the cost of nucleotide sequencing, metabolomic and

proteomic platforms are continuing to increase in power, robustness and accessi-

bility. In proteomics, a major challenge is identifying spectra and this challenge is

only increased in the case of mixed metagenomic communities where the genome

sequences that give rise to proteins are not necessarily known [57]. Despite this,

34 A. Fodor



recent efforts have demonstrated not only that proteomics on metagenomics sam-

ples is feasible [58] but that the combination of metagenomics and metaproteomics

approaches can pinpoint particular host and microbial pathways that are associated

with disease [59]. Further integration of these techniques with metabolomics will

undoubtedly yield additional insights [60]. The principle challenge of performing

these types of studies is the integration of diverse genomics datasets, but this is an

area of active research in bioinformatics [61]. We will unquestionably see more and

more studies in the future that will combine nucleotide sequencing with proteimic

and metabolomic techniques.

While the new world of “omics” and its associated bioinformatics tools are often

thought of as the “microscope” through which we can understand the gut ecosystem

in all its complexity, the tools of traditional microbiology, having been continu-

ously refined over the last century, are powerful and should not be overlooked. It is

often stated that most gut microbes are not cultivable, but a recent study that

attempted to systematically cultivate gut microbes from fecal metagenomic sam-

ples found that a substantial proportion of microbes that were detectable with 16S

sequencing could be cultivated with high-throughput anaerobic techniques

[62]. Because these organisms can be introduced into sterile mice, creation of

these biobanks of cultivated organisms will allow for explicit testing of hypotheses

about which taxa and groups of taxa are associated with disease phenotypes.

Moreover, with newly affordable high-throughput sequencing, whole-genome

sequences can be easily obtained for these cultivated organisms, which will allow

for delineation of which genes and genome regions drive health and disease

associations in humans and produce measurable phenotypes in mice. This marriage

of classical microbiology with gnotobiotic and sequencing technology will likely

prove a powerful tool in the next decade’s attempt to understand how specific

pathways are implicated in disease phenotypes.

Conclusion

The gut ecosystem is very complex, but there has been substantial and exciting

recent progress in development of genomic and bioinformatics tools that can allow

for delineation of that complexity. The initial phase of the Human Microbiome

Project focused on utilizing sequencing to characterize variation in healthy adults.

As we move into the next phase of the study of the human microbiome, a central

focus will be on determining which microbial taxa, genes and pathways are

implicated in disease. Careful design of clinical trials and experiments in animal

models will be required to overcome the substantial background variation in the gut

microbiome and separate confounding variables that are often closely related to the

disease categories of interest. A central challenge will be the integration of different

types of “omics” data to produce mechanistic descriptions of how host and microbe

together produce phenotype.

2 Utilizing “Omics” Tools to Study the Complex Gut Ecosystem 35



References

1. Manichanh C, Borruel N, Casellas F, Guarner F (2012) The gut microbiota in IBD. Nat Rev

Gastroenterol Hepatol 9:599–608
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